Multi-season reflectance data from radiometrically and geometrically corrected 2 multispectral SPOT-5 images of 10-m resolution were combined with thorough field campaigns 3 and land cover digitizing using a binary classification tree algorithm to estimate the area of 4 marshes covered with common reeds (Phragmites australis) and submerged macrophytes 5 (Potamogeton pectinatus, P. pusillus, Myriophyllum spicatum, Ruppia maritima, Chara sp.) over 6 an area of 145 000 ha. Accuracy of these models was estimated by cross-validation and by 7 calculating the percentage of correctly classified pixels on the resulting maps. Robustness of this 8 approach was assessed by applying these models to an independent set of images using 9 independent field data for validation. Biophysical parameters of both habitat types were used to 10 interpret the misclassifications. The resulting trees provided a cross-validation accuracy of 98. 
Introduction 31 32
Efficient, accurate and robust tools for monitoring wetlands over large areas are urgently 33 needed following their destruction and degradation, in spite of the many services and functions 34 they provide to human kind (Özesmi & Bauer, 2002) . Accurate wetland mapping is an important 35 tool for understanding wetland functions and monitoring their response to natural and 36 anthropogenic actions (Baker et al, 2006) . Many wetland species have overlapping spectral reflectances at peak biomass (Schmidt & 46 Skidmore, 2003) and aggregation of similar wetland classes are sometimes necessary to achieve 47 better accuracies (Wright & Gallant, 2007) . Hence, a multiseasonal imagery can be most useful 48 hal-00692537, version 1 -16 May 2012 the Camargue (Fig. 1) . The independent validation sample of 2006 consisted of 21 sites ofcommon reed, and 83 sites of aquatic beds. All study plots were located in seasonal or permanent 145 shallow marshes either covered with reed-dominated helophytes or with submerged macrophytes 146 during some time of the year. 147
For each habitat type, water and vegetation measures were taken within 20 X 20 m 148 squares (i.e., four pixels of a SPOT-5 scene) of homogeneous vegetation placed within a larger 149 homogeneous zone and located at least 70 m from the border to reduce edge effects in spectral 150 response.. Plot size was defined in order to contain at least one pure pixel (10 X 10 m) of a 151 SPOT-5 scene. Each sampling plot was placed in a different hydrological unit to increase 152 structural diversity and avoid autocorrelation. They were geolocated with a GPS (Holux GR-153 230XX) situated in the centre of the plot at three meters above ground to avoid interferences 154 caused by high reed stems, using the average position obtained during the whole process of field 155 data gathering (1-2 hours). Water level, plant cover and composition were estimated along two 156 diagonals crossing the entire plot between May and July, depending upon the development of the 157 vegetation. Common reed density was measured by counting the green and dry stems inside four 158 quadrats of 50 X 50 cm per plot in June or July located at seven meters from the center of the plot 159 in each cardinal direction. Homogeneity throughout the plot was visually estimated and coded 160 from 1 to 4. Vegetation cover was evaluated with four digital pictures taken vertically from the 161 ground level upwards in the centre of the 50-cm quadrats and processed with CANEYE (Baret & 162 Weiss, 2004), a software that derive canopy characteristics such as LAI, fAPAR and the cover 163 fraction with several photographs. The estimation of the canopy characteristics are based on the 164 transmittance of light through the canopy considering the vegetation elements as opaque (Baret & 165 Weiss, 2004) . 166
Water levels were measured at a permanent rule during vegetation sampling, as well as 167 monthly or twice monthly at each hydrological unit sampled. CT analyses based on dichotomous partitioning (Breiman et al., 1984) were performed with 210 the Rpart (Recursive PARTitioning, Therneau & Atkinson, 1997) package in the R software 211 using a class coded "1" for the presence of reed or submerged macrophyte beds and a class coded 212 "0" for absence (= other land cover types detailed in 2.4.2). This method is less sensitive to data 213 fragmentation than multivariate classification trees (Brostaux, 2005) and uses the cost-complexity 214 parameter (cp) for pruning. 215 improve results for large data sets (Breiman et al., 1984) . For both methods, we used 10 cross-218 validation subsets, which is the recommended default value by Breiman et al. (1984) . The 219 optimally pruned tree was defined with the cp providing the smallest overall classification error 220 rate among 10 iterative runs of the algorithm. To improve classification accuracies with our 221 unbalanced samples, the optimal prior parameter that gives the highest classification accuracy 222 was selected using the iterative method proposed by Breiman et al. (1984) . 223 224
Map validation 225
The equations issued from the resulting trees were applied to SPOT accuracies and omission error rates were calculated using the sample error matrix, whereas the 232 commission and overall error rates were estimated from the population error matrix given known 233 numbers of reedbeds, aquatic beds and other land covers in the study area for each map. We 234 further calculated the omission error rates for the different categories of the other land cover in 235 the validation sample. The resulting distribution maps were confronted with expert knowledge 236 and additional field visits for interpretation of potentially misclassified areas. 
Models 257
The resulting classification tree for common reed ( (Table 3) , leading to commission error rates of 25 to 41% higher than those of 275 reedbeds (Table 2) . Considering the omission error rates of both classes, the total area covered by 276 None of the measured structural parameters of reeds could explain their misclassification, 287 which was nevertheless associated to the year (Table 4) , with a better classification in 2005salinity, and to a lesser extent the year (Table 4) CTs are considered as especially robust with small samples of remotely-sensed data 417 (Tadjudin & Landgrebe, 1996) . To our knowledge, the smallest sample used for testing CT 418 reliability was fifty observations (Brostaux, 2005) , and we found no study explaining the impact 419 of an extremely rare class in an unbalanced sample. McIver & Friedl (2002) showed that prior 420 probabilities can be a good solution for not penalizing small classes under a non-parametric 421 classification and observed that adding a prior parameter helped to distinguish hardly separable 422 classes of remote-sensing data, affecting only areas overlapping between two classes. Our results 423 demonstrate that CTs used with an adjusted prior parameter provide reliable models for an 424 unbalanced sample when the smallest class contains as few as 25 observations. 425
Since our objective was to develop re-applicable and easy interpretable models with good 426 accuracies, we chose to enhance the performance of CTs by cross-validation and priority 427 probabilities that are particularly well suited for data difficult to collect. The CV-1SE pruning 428 method makes the CT approach even more robust, under the assumption that the training sample Table 1 Multispectral indices used in this study. 
Indices

